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a	 framework	 for	 combining	 information	 from	 multiple	 ecosystem	
models	in	a	coherent	way	that,	following	Chandler	(2013),	exploits	
their	strengths	and	discounts	their	weaknesses.
Many	methods	 of	 combining	 outputs	 from	 different	models	 have	






















































m1	may	be	 able	 to	 tell	 us	 something	 about	Atlantic	 cod	 indirectly.	
In	other	words,	modelling	the	models	allows	us	to	sample	the	unob-
served	outputs,	conditional	on	the	models’	observed	outputs.
In	 this	 study,	we	 describe	 an	 ensemble	model	which	 is	 based	
on	 the	 principles	 of	 Chandler	 (2013)	 but	 which	 models	 the	 out-
puts	themselves,	varying	in	form	between	the	different	ecosystem	





we	 are	 interested	 in	measuring	 uncertainty,	 our	 statistical	model-
ling	will	apply	Bayesian	inference	methods	(Robert,	2007),	and	our	
analysis	will	consider	any	relevant	prior	knowledge	as	well	as	simu-
lator	outputs	 that	predict	what	would	happen	 in	 the	 future	under	
different	 management	 scenarios.	 The	 Bayesian	 approach	 is	 sub-
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we	are	 treating	 the	 simulators	 as	unlabelled	 “black	boxes.”	More	
formally,	 we	 regard	 the	 simulators	 as	 “exchangeable”	 (Gelman	
et	al.,	 2013).	We	 consider	 relaxing	 this	 assumption	 in	 Section	 4.	
This	 idea	 is	 formalized	 using	 a	 hierarchical	model	 (for	more	 infor-































difference	between	x(t)i  and 흁(t),	simulator	 i ’s	individual	discrepancy.	
Figure	1	 illustrates	an	example	of	the	ensemble	model	at	time	 t.	 It	
can	be	read	as	a	geometrical	representation	of	how	the	simulators	























specific	 distribution	 and	 û(t)
i
	 is	 the	 expectation	 of	 the	 i th	 simula-
tor’s	 output	 at	 time	 t.	 The	 simulator-	specific	 distribution	 is	 found	
from	fitting	the	simulator	to	a	finite	data	set	(Spence,	Blackwell,	&	
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2.2 | Individual discrepancy






i . 휸i	is	an	n	dimensional	random	variable	with	expectation	0 and 
covariance C.	It	seems	natural	to	allow	z(t)i  and z
(t+1)
i 	to	be	depend-
ent	on	each	other;	 for	example,	 if	 at	 time	 t ,	z(t)i 	was	 less	 than	0,	 














Variable Dimension Times Description Relationship
y(t) n t	=	1	…	T The	truth y(t)=y(t−1)+흐Λ,t







ny t∈S0 Noisy	observation	of	w(t) ŵ(t)∼p(ŵ(t)|w(t))
δ n NA Long-	term	shared	
discrepancy
휼









(t) n t	=	1	…	T Simulator	consensus 흁(t)=y(t)+휹+휼(t)
























































i  and a 
reference	to	where	the	parameter	uncertainty,	Σi,	was	calculated









3) Monkfish etc.  
4) Sum of Poor cod and Rays and Other 
demersal fish
for t = 1991–2023
M1=
⎛⎜⎜⎜⎝
1 0 0 0 0
0 1 0 0 0
0 0 1 0 0










for t = 1968–2100
M2=
(
1 0 0 0 0







 for t = 1990–2098






1) Sum of Common demersal,	Sole,	Monkfish 
etc.,	Poor cod and Rays and Other demersal fish
 for t = 1983–2050









4) Poor cod and Rays
 for t = 2000–2099
M5=
⎛⎜⎜⎜⎝
1 0 0 0 0
0 1 0 0 0
0 0 1 0 0
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 for t>1,	where	each	흐z,t,i	is	an	independent	n-	dimensional	random	vari-
able	centred	on	0	with	covariance	Λi and Ri	is	an	n×n	matrix	with	the	
constraint	such	that	Ri	is	stable,	that	is	limk→∞ Rki =0. Ri and Λi	describe	










sensus,	흁(t),	and	truth,	y(t),	 is	split	up	 into	the	 long-	term	shared	dis-
crepancy,	δ,	and	the	short-	term	shared	discrepancy,	휼(t),	that	is	



































2015)	 (see	 Supporting	 information	 Appendix	 B	 for	 more	 details	
about	the	simulators),	as	well	as	data	from	the	International	Bottom	
Trawl	 Survey	 (IBTS)	 (ICES	 Database	 of	 Trawl	 Surveys	 (DATRAS),	
2015).	In	this	example,	one	of	the	authors,	JLB,	has	taken	this	role.	
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1. Common demersal:	 These	 are	 Atlantic	 cod	 (Gadus morhua,	
Gadidae),	haddock	(Melanogrammus aeglefinus,	Gadidae),	whiting	
(Merlangius merlangus,	 Gadidae),	 Norway	 pout	 (Trisopterus es-
markii,	 Gadidae),	 European	 plaice	 (Pleuronectes platessa,	
Pleuronectidae),	common	dab	(Limanda limanda,	Pleuronectidae)	
and	 grey	 gurnard	 (Eutrigla gurnardus,	 Triglidae).
2. Sole:	This	is	common	sole	(Solea solea,	Soleidae).
3. Monkfish etc.:	These	are	monkfish	(Lophius piscatorius,	Lophiidae),	
{long	 rough	 dab}	 (Hippoglossoides platessoides,	 Pleuronectidae),	
{lemon	 sole}	 (Microstomus kitt,	 Pleuronectidae)	 and	 {witch}	
(Glyptocephalus cynoglossus,	Pleuronectidae).
4. Poor Cod and Rays:	 These	 are	 poor	 cod	 (Trisopterus minutus,	
Gadidae),	starry	rays	(Amblyraja radiata,	Rajidae)	and	cuckoo	rays	
(Leucoraja naevus,	Rajidae).




3.2 | Data and elements of the statistical model
The	 IBTS	data	were	extracted	 as	 in	Fung,	 Farnsworth,	Reid,	 and	
Rossberg	(2012),	to	reveal	the	total	catch	on	the	survey	for	each	
of	 the	 five	 groups	 for	 the	 first	 (1986–2013)	 and	 third	 quarter	
(1991–2013).	How	 this	 value	 relates	 to	 the	 true	biomass	 density	





is	 enough	 provided	we	 assume	 that	 catchability	 coefficients	 are	
constant	over	time.	Thus,	each	element	of	yt	represents	the	log	to	
base	10	of	the	total	biomass	(tonnes	per	kilometre	squared)	for	one	

































model i 	reduces	and	the	amount	that	the	last	value	of	z(t)i 	relates	to	the	
next	moves	towards	1	by	a	factor	of	exp (ki)	each	year.	We	take	ki∈ [0,6],	 
as	there	is	not	much	difference	numerically	if	ki	goes	above	6,	with	
	The	diagonal	elements	of	Ri	fall	between	−1	and	1	with	













































































The	ensemble	model	predictions	 show	changes	 in	 the	uncertainty	
of	 relative	 biomass	over	 time	 for	 each	 group	of	 species,	 including	
projections	following	a	fishing	closure	in	2014	(Figure	2).	Each	plot	
shows	the	marginal	posterior	distributions	of	each	element	of	y(t),	for	





















































































































(0.88)	but	 it	 is	 lower	 for	poor cod and rays	 (0.55)	and	 for	 the	other 
demersal	species	(0.17).
The	 ensemble	 model	 also	 “predicts”	 what	 happened	 before	
the	data;	 that	 is,	 it	 gives	posterior	distributions	 for	 the	actual	val-
ues	given	the	imperfect	data	and	the	simulator	runs.	Only	sole and 
common demersal	are	output	by	simulators	prior	to	1986	and	this	is	


















total	demersal	biomass	under	 the	assumption	 that	 the	groups	had	
the	 same	 catchability	 coefficients	 (Figure	3).	 Again	 there	 is	 high	
uncertainty	 about	 whether	 the	 biomass	 will	 grow	 relative	 to	 the	










for common demersal and monkfish etc.	are	positively	correlated	with	
each	other	 (0.28),	albeit	weakly.	This	suggests	that	 learning	some-
thing	about	 the	common demersal	 group	would	 tell	 you	something	
about	monkfish etc.	Hence	the	mizer	simulator	gives	some	informa-





















































species.	For	EwE,	it	is	the	sum	of	poor cod and rays and other demersal,	
and	for	StrathE2E,	it	is	the	sums	of	all	of	the	groups.	As	with	the	simula-
tors	that	do	not	predict	specific	groups,	we	are	able	to	infer	what	these	
simulators	predict	about	 implicit	groups	 through	correlations	 learned	
from	other	simulators.	In	this	sense,	the	mizer	model,	which	only	pre-






















































































































Upper and lower quartiles of µ
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Simulators	that	are	predictably	wrong	are	more	informative	than	
those	that	are	unpredictably	wrong,	even	if	the	latter	are	less	wrong	
in	 the	 absolute	 sense.	 In	 our	 framework,	 we	 distinguish	 between	
short-	term	 and	 long-	term	 individual	 discrepancies,	 which	 allows	
us	to	distinguish	between	predictably	wrong	simulators	with	small	
short-	term	 individual	 discrepancies,	 zi,	 and	 unpredictably	 wrong	
simulators.	Furthermore,	we	allow	the	short-	term	individual	discrep-
ancies	 to	be	different	 for	each	group,	 thus	allowing	a	simulator	 to	

















simulators,	 through	 parameter	 uncertainty	 and	 structural	 uncer-
tainty,	data	uncertainty,	through	noisy	and	possibly	indirect	observa-
tions	of	the	truth,	and	uncertainty	in	the	ensemble	model	parameters.
As	 the	 simulators	 are	 describing	 the	 same	 system,	 we	 might	
expect	 the	 dynamics	 in	 the	 individual	 discrepancies	 to	 be	 similar.	









separately	which	 is	not	possible	 in	other	 formulations	of	 the	cova-
riance	matrix	 (Alvarez,	Niemi,	&	Simpson,	2014).	By	acknowledging	
these	 features	 of	 simulators,	 we	 were	 able	 to	 better	 quantify	 the	
uncertainty.
It	was	also	important	to	use	informative	priors	as	none	of	the	






in	 a	 way	 that	 the	 decision-	maker	 believes	 before	 observing	 the	
truth,	similar	to	the	hypothetical	data	method	of	Kadane,	Dickey,	
Winkler,	 Smith,	 and	 Peters	 (1980).	 In	 the	 case	 study	 described	














Using	 the	 ensemble	 model	 developed	 here,	 there	 is	 no	 need	
to	 identify	 the	 `` best	 model”	 driven	 by	 the	 question	 being	 asked	
(Dickey-	Collas,	 Payne,	 Trenkel,	 &	Nash,	 2014),	 but	 one	 should	 in-











ferent	 processes	 can	 limit	 the	 number	 of	models	 available	 to	 run	







the	 simulators	 that	were	 able	 to	 run	 the	 specific	 scenario	 and	 in-
crease	a	simulator’s	parameter	uncertainty,	Σi,	as	a	function	of	time	
with	in	the	future	(Szuwalski	&	Thorson,	2017).
4.2 | Future work and extensions
Some	 ecosystem	 simulators	 are	 more	 similar	 than	 others;	 for	 ex-
ample,	 there	 are	 a	 number	 of	 size-	based	 simulators	 in	 the	marine	
literature	 (Blanchard	 et	al.,	 2009;	 Scott,	 Blanchard,	 &	 Andersen,	
2014)	 that	 are	 very	 similar,	which	may	violate	 the	exchangeability	
assumption	made	in	Section	2.	Additional	hierarchy	could	be	added	










In	 this	study,	we	have	demonstrated	 the	 ideas	and	methods	 in	
cases	where	 the	quantities	 of	 interest	 are	 of	 fairly	 low	dimension	
and	have	joint	Gaussian	distributions.	However,	with	the	increased	
efficiency	 of	 new	 statistical	 software	 and	 algorithms	 (Girolami	 &	
Calderhead,	2011),	it	is	possible	to	address	larger	problems	involving	
more	general	distributions.
The	 framework	 presented	 here	 is	 not	 exclusive	 to	 ecosystem	









It	 also	 allows	 for	 including	 a	 formal	 quantitative	understanding	of	
uncertainties	and	knowledge	gaps.	This	enables	us	to	make	compre-
hensive	model	projections	 that	 take	 into	account	 all	 that	we	have	
learnt	from	the	simulators	collectively.
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